Detection of compound structures that are comprised of different arrangements of simpler primitive objects has been a challenging problem as commonly used bag-of-words models are limited in capturing spatial information. We have developed a generic method that considers the primitive objects as random variables, builds a contextual model of their arrangements using a Markov random field, and detects new instances of compound structures through automatic selection of subsets of candidate regions from a hierarchical segmentation by maximizing the likelihood of their individual appearances and relative spatial arrangements. In this paper, we extend the model to handle different types of primitive objects that come from multiple hierarchical segmentations. Results are shown for the detection of different types of housing estates in a WorldView-2 image.
INTRODUCTION
A challenging problem in remote sensing image information mining is the detection of heterogeneous compound structures such as different types of residential, industrial, and agricultural areas that are comprised of spatial arrangements of simple primitive objects such as buildings and trees. A popular approach for the detection of high-level structures is to divide images into tiles and classify these tiles according to their features. One of such window-based approaches, called the bag-of-words (BoW) model, has been commonly used in recent years for modeling the tile content [1, 2, 3] . However, the BOW representation cannot often effectively model the spatial arrangements which can be the key to detecting many types of compound structures. As an example for exploiting the spatial structure, Vaduva et al.
[4] modeled relative positions between objects by extracting object pair signatures This work was supported in part by the GEBIP Award from the Turkish Academy of Sciences. as words that characterize the tiles. However, the tile-based approaches assume that the whole window corresponds to a compound structure and all of the features inside the window contribute to the modeling of the structure. Consequently, this may result in using many features that are irrelevant to the compound structure of interest. An alternative to tile-based neighborhoods is to use segmentation to identify locally adaptive neighborhoods. Using hierarchical segmentations [5] as multi-scale candidates for meaningful image objects has received significant attention as a potential solution to object detection in remote sensing. However, local spatial arrangements of the neighboring objects have not been considered in these methods.
In [6], we described a generic method for the modeling and detection of compound structures that are comprised of spatial arrangements of an unknown number of primitive objects in very high spatial resolution images. The model considered the primitive objects as random variables, and built a contextual model of their arrangements using a Markov random field. The detection task was formulated as the selection of subsets of candidate regions from a hierarchical segmentation by maximizing the likelihood of their individual appearances and relative spatial arrangements. One limitation of that formulation was that the structures of interest could include only a single type of primitive, e.g., buildings in urban structures. In this paper, we extend our previous work by incorporating additional primitive layers in the modeling and detection process. We show that the use of multiple primitive object layers consisting of multiple hierarchical segmentations provides additional evidence for the detection and localization of the structures of interest, and leads to increased recall compared to simple aggregation of the results where the layers are used independently.
COMPOUND STRUCTURE MODEL
The procedure starts with a single example compound structure that contains primitive objects V = {v 1 , . . . , v M } that are used to estimate a probabilistic appearance and arrange-ment model. In particular, we assume that a compound structure V consists of R layers of primitive object maps, V = r=1,...,R V r . Each primitive object v i is represented by an The modeling process considers the primitive objects (i.e., the ellipses' parameters) V as random variables corresponding to the vertices of a Markov random field (MRF) where potentially related objects are connected using undirected edges E = r1,r2=1,...,R E r1r2 where E r1r2 denotes the edges between the vertices at layers r 1 and r 2 ( Figure 1 ). Note that, when r 1 = r 2 , E r1r2 represents the edges between the vertices at the same layer. Let P i denote the set of pixels inside the ellipse v i . For each connected primitive object pair (v i , v j ) ∈ E, we compute the following four features:
• distance between the closest pixels, φ
• angle between the line joining the centroids of the two objects and the major axis of a reference object, φ In addition to the pairwise features, we also compute the following two individual features for each primitive object v i :
Then, given the set of primitives V and the corresponding features, a one-dimensional marginal histogram H . . , R, is used as a non-parametric approximation to the distribution of the feature values of the primitive objects in the compound structure. The process is governed by the Gibbs distribution, and takes the form where β is the parameter vector controlling each histogram bin, and Z v is the partition function. The parameters of the proposed MRF model are learned via Gibbs sampling. This corresponds to randomly translating, scaling, or rotating an ellipse at each sampling iteration. Please see [6] for details of the learning algorithm when a single layer is used.
DETECTION PROCEDURE
The detection problem is posed as the selection of multiple subgroups of candidate regions V = {v 1 , . . . , v M } coming from multiple hierarchical segmentations where each selected group of regions constitutes an instance of the example compound structure in the large image. The first step in the detection procedure involves the identification of primitive regions for each layer V r by using a hierarchical segmentation algorithm. The union of these regions from all levels at all layers are treated as candidate primitives, forming the set V = r=1,...,R V r . Then, the input hierarchical forest structure is extended by connecting neighboring candidate regions at all levels and all layers with edges E. For each layer, we use Voronoi tessellations of boundary pixels of regions at each level to identify the edges (v i , v j ) ∈ E at that level. Furthermore, a between-level edge (v i , v j ) ∈ E is also formed if v j is at a higher level compared to v i and if any descendant of v j that is at the same level as v i is a Voronoi neighbor of v i . For each pair of layers V r1 and V r2 , vertices v ) ∈ E if the distance between the closest pixels of these objects is less than a proximity threshold. Figure 2 illustrates a hierarchy. Given a graph G = (V, E) that represents the candidate regions and their neighbor relationships in image I, the problem can be formulated as the selection of a subset V * among all regions V as
where p(I|V ) is the observed spectral data likelihood for the compound structure in the image, and p(V ) acts as the spatial prior according to the learned appearance and arrangement model. We use a simple spectral appearance model where the spectral content of each primitive region in a particular layer r is assumed to be independent and identically distributed according to a Gaussian with mean µ r and covariance Σ r , so that p(I|V ) = r=1,...,R vi∈V r p(y i |µ r , Σ r ) where y i is the average spectral vector for the pixels inside the i'th region v i . The spatial appearance probability p(V ) is computed as in (1) using ellipses that have the same second moments as the regions in V . We formulate the selection problem in (2) using a conditional random field (CRF). Let X = {x 1 , . . . , x M } where x i ∈ {0, 1}, i = 1, . . . , M , be the set of indicator variables associated with the vertices V of G so that x i = 1 implies region v i being selected. Our CRF formulation defines a posterior distribution for hidden random variables X given regions V and their observed spectral features Y = {y 1 , . . . , y M } in a factorized form as
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